In this study, we employ a TVP-FAVAR connectedness approach in order to investigate the transmission mechanism in the cryptocurrency market. To this end, we concentrate on the top 9 cryptocurrencies by virtue of market capitalization and one market factor -based on 45 additional digital currencies -capturing the co-movements in the cryptocurrency market. The period of study spans between August 7, 2015 and May 31, 2018. We find that the dynamic total connectedness across several cryptocurrencies exhibits large dynamic variability ranging between 25% and 75%. In particular, periods of high (low) market uncertainty correspond to strong (weak) connectedness. We show that these results could be explained on the basis of increased market uncertainty that is associated with periods of highly volatile prices. In addition, despite the fact that Bitcoin still influences the cryptcurrency market substantially, we note that, recently, Ethereum has become the number one net transmitting cryptocurrency. We further note that the market gradually becomes more complex considering our connectedness approach and that this might be attributed to the unique characteristics and possibilities inherent in the technology of each cryptocurrency. A simplified application concentrating on bivariate portfolios is indicative of potential hedging opportunities using dynamic hedge ratios and dynamic portfolio weights.
Introduction
In recent years, cryptocurrencies have been in the spotlight of attention in financial markets all over the world. Bitcoin, which was the first currency of this technology to be invented, still remains the most popular digital currency; however, other alternatives such as Ethereum and Ripple are gaining pace, while in fact, during 2017, the market capitalization of all other digital currencies put together had equated the capitalization of Bitcoin (see, Bech and Garratt, 2017) . Unequivocally, increased interest in cryptocurrencies rests largely upon the fact that their applications have the potential to determine future developments in many important aspects of real economic activity. For instance, Yermack (2018) puts forward the argument that the Bitcoin, although vulnerable to speculation, is widely being used as an alternative to fiat money, while, blockchain technology in general, might very well affect both central banking and corporate governance. Along these lines, some of the implications of blockchain technology on corporate governance are presented in Yermack (2017) . Besides, monetary policy considerations and implications in the light of the upsurge of cryptocurrency markets have also been investigated by authors such as Fernández-Villaverde and Sanches (2016); Bordo and Levin (2017) , as well as, Schilling and Uhlig (2018) . This study is primarily concerned with the role of digital currencies as tradable assets. That is, aside from its conventional use as an alternative to traditional fiat money, digital money appears to have recently gained much prominence owing also to its risk-hedging attributes. Authors such as Dyhrberg (2016) ; Bouri et al. (2017a) ; Urquhart and Zhang (2018) , among others, assert that the Bitcoin might actually be employed for hedging against other asset classes such as shares of stock and currencies. Besides, Guesmi et al. (2018) , provide evidence that (i) taking a short position in the price of Bitcoin effectively hedges risk initially assumed in various financial markets and (ii) including Bitcoin in portfolio diversification strategies greatly reduces the overall risk of the investment. However, speculation in cryptocurrency markets (see, for example, the recent fluctuations in the Bitcoin market) is conducive to periods of high volatility and uncertainty, which might in turn weaken the efficacy of the relevant portfolio diversification strategies (see, Cheah and Fry, 2015; Katsiampa, 2017) . Current relevant literature principally breaks down into studies that investigate speculation in the cryptocurrency market and studies that focus on the diversification benefits of cryptocurrencies. To be more explicit, the first strand mainly includes studies that investigate the argument that the market is not really efficient, but rather, reflects some speculative bubble; while the second strand, focuses mainly on the interaction of Bitcoin with other asset classes to the effect that more effective diversification strategies can be developed. Apparently, Bitcoin is the preferred cryptocurrency in most cases. Among this well-established wealth of literature, our study further investigates issues relating to both speculation and hedging, by concentrating on a rather new and, as of yet, scarce strand that involves the interaction across cryptocurrencies. As we explain in greater detail below, a few studies have reported that there may be discrepancies across cryptocurrency markets that deserve further investigation and in this regard, our study considers connectedness as a measure of cryptocurrency-heterogeneity. In effect, the evolution of total connectedness across cryptocurrencies could be explained by the extent to which economic agents assume cryptocurrency markets to be efficient. At the same time, net connectedness results imply that specific differences across popular cryptocurrencies might be conducive to new diversification opportunities. In order to elaborate on the arguments put forward by the aforementioned strands of the literature, we dwell on specific academic articles that practically form the basis of our study. Starting with speculation and/or efficiency in the cryptocurrency market, Baur et al. (2018b) attest that, at one end of the scale, the Bitcoin market is rather uncorrelated with traditional financial markets, while at the other end of the spectrum, the market is subject to speculative investment. These results resonate with authors such as Fry and Cheah (2016) ; Corbet et al. (2017) and Katsiampa (2017) . Furthermore, in a quite insightful analysis, Williamson et al. (2018) argues that contrary to traditional fiat money which is more likely than not a rational bubble -given that it practically derives its value from the mere fact that people accept it as a means of exchange, Bitcoin rather constitutes an irrational one; that is, if one takes into account its many drawbacks (e.g., upper limit in transactions volume, high transaction costs, price volatility). Some of the limitations of Bitcoin have also been emphasized by Dwyer (2015) . Nonetheless, authors such as Corbet et al. (2018c) emphasize that existing literature is rather inconclusive in connection with cryptocurrencies being vulnerable to speculation (see, for instance Blau, 2018) . This implies that discussion should essentially steer towards the efficiency of the cryptocurrency market and the ensuing question of whether the recorded levels of high price volatility are indeed the result of speculation or not. A rather detailed account of all aforementioned considerations is provided in the work of Corbet et al. (2018a) . Turning to cryptocurrency market efficiency, current evidence is ambiguous. On the one side, some authors provide evidence that the Bitcoin market is rather efficient (see, Urquhart, 2016; Nadarajah and Chu, 2017; Bariviera, 2017; Tiwari et al., 2018 , among many others); whereas on the other, authors suggest that the market is not quite so (see, for instance Al-Yahyaee et al., 2018; Kristoufek, 2018; Jiang et al., 2018) . In the meantime, authors such as Urquhart (2016) ; Caporale et al. (2018) , as well as, Sensoy (2018) emphasize that the Bitcoin market is rather becoming more efficient over time. Elaborating on the high price volatility in the Bitcoin market, Berentsen et al. (2018) explain that most cryptocurrencies are by default decentralized with rather fixed supply, which practically implies that they are also more prone to high short-term price fluctuations. In this regard, we could argue that high volatility is relatively inherent in cryptocurrency markets. On a parallel note, and as far as speculation is concerned, evidence of the latter is emphasized in the work of Li and Wang (2017) who concentrate on the exchange rate between the Bitcoin and the USD. In addition, Katsiampa (2017) assesses several Bitcoin price volatility modelling approaches and reaches the conclusion that the best existing model is suggestive of high levels of speculation in the market. Most importantly, from the standpoint of economic agents, large and/or sudden price fluctuations, irrespective of whether they can be justified or not, might always be construed as the result of speculation in the market. Turning to studies that concentrate on risk-hedging and portfolio diversification, it appears that most of these studies concentrate on Bitcoin not only because it was the first digital currency to be developed, but also, for the simple fact that it still exhibits the largest market capitalization. What is more, only few studies investigate the interaction between Bitcoin and other prevalent financial assets. For instance, Dyhrberg (2016) provides evidence that the Bitcoin can be used for hedging purposes against FTSE index shares. Bouri et al. (2017b) document that Bitcoin hedges effectively against Asia Pacific stocks. Investigating emerging stock markets, Guesmi et al. (2018) reach the conclusion that Bitcoin constitutes an effective diversifier even within a portfolio that already includes commodities such as gold or oil. Chan et al. (2018) illustrate Bitcoin's hedging usefulness vis-a-vis a number of stock indices; namely, Euro STOXX, Nikkei, Shanghai A-Sharpe, S&P 500, as well as, the TSX Index. Furthermore, evidence of different characteristics between the Bitcoin, gold and the USD is presented in the work of Baur et al. (2018a) . In a related study Selmi et al. (2018) show that the Bitcoin, similarly to gold, effectively mitigates portfolio risk that is related to the oil market. Additionally, Corbet et al. (2018c) suggest that cryptocurrencies exhibit effective diversification characteristics particularly for short-term investors. On a parallel note, Symitsi and Chalvatzis (2018) show that shares of technology companies affect Bitcoin in the short run, whereas, Bitcoin has a lagged impact both on fossil fuel and clean-energy companies. Nonetheless, existing literature rather neglects interaction across cryptocurrencies per se. Investigating the latter, would be quite instructive not only towards better understanding the different characteristics across these markets, but also, in order to attain an additional measure of market risk; that is, one that stems directly from contagion dynamics. To put differently, the fact that cryptocurrencies exhibit certain common features does not necessarily imply that there is no room for wide discrepancies that deserve further investigation as they might be useful even for diversification purposes. Drawing from existing literature, Gkillas and Katsiampa (2018) report that different cryptocurrencies exhibit different levels of risk, with Bitcoin and Litecoin being the least risky and Bitcoin Cash, the riskiest. Furthermore, Brauneis and Mestel (2018) stress out heterogeneity across cryptocurrency markets, by showing that efficiency is associated with market liquidity. In close relation to the above, Phillip et al. (2018) document that lower market capitalization results in larger variability which is supported by Wei (2018) who finds that volatility declines with increasing liquidity. Following existing arguments relating to potential discrepancies, our study purports to confirm cryptocurrency heterogeneity by considering the spillovers across a large number of popular cryptocurrencies. Relevant evidence in this scarce, as of yet, strand of the literature that focuses on exploring linkages across different cryptocurrencies, comes from Corbet et al. (2018c) who show that Bitcoin, Ripple, as well as, Litecoin are highly correlated with each other but rather remote from other financial assets; a fact that renders these effective for portfolio diversification purposes. Besides, Fry and Cheah (2016) maintain that there are indeed spillovers from the Ripple to Bitcoin. Furthermore, in an interesting study regarding both the short-run and the long-run relationship between the Bitcoin and Altcoin markets, Ciaian et al. (2018) report that there exists interdependency between the two, while in fact, this relationship appears to be significantly stronger in the short-run. With these in mind, the objectives of our study are (i) to capture spillovers across the cryptocurrencies of our sample and (ii) to provide new evidence that predicate upon the most relevant empirical model regarding net shock transmitters and receivers in the cryptocurrency market in the course of time. In this regard, we add to the relatively scarce strand of the literature that concentrates specifically on the interaction across cryptocurrencies. In particular, we investigate the network connectedness (i.e., in the spirit of Diebold and Yılmaz, 2014) across the returns of several cryptocurrencies in order to provide new evidence regarding cryptocurrency market contagion. As we discuss in greater detail in the sections that follow, for the period between August 7, 2015 and May 31, 2018, we consider the top 9 cryptocurrencies (i.e., by virtue of capitalization) and we also include a single cryptomarket factor in order to capture the main return co-movements in the cryptocurrency market (i.e., via a time-varying parameters principal component analysis TVP-PCA -which is based on 45 additional cryptocurrencies). Connectedness results are predicated upon a time-varying parameters factor augmented vector autoregressive (TVP-FAVAR) model, from which we derive the requisite generalized forecast error variance decompositions (GFEVDs). It would be instructive at this point to emphasize that given the dynamic nature of the analysis, the TVP framework that we employ adds further value to this study as it effectively addresses most of the problems inherent in the typical rolling-window dynamic approach, like the arbitrarily chosen window size, the loss of observations and the outlier sensitivity. Main findings indicate that the dynamic total connectedness exhibits large dynamic variability ranging between 25% and 75%. In point of fact, connectedness across cryptocurrencies can be anything from moderate to strong. However, it should also be noted that in early 2017 connectedness reaches a minimum and then gradually escalates before it reaches very high levels, especially after February 2018. Furthermore, we provide evidence that periods of high (low) market uncertainty typically correspond to strong (weak) connectedness. Considering the fact that this dynamic framework of analysis allows for identifying cryptocurrencies that assume either a net-receiving or a net-transmitting position, we find that (i) most cryptocurrencies may take on both positions over time, (ii) the Bitcoin remains a net transmitter of spillovers to other digital currencies almost throughout the period of study (i.e., with the exception of Ethereum and Ripple which transmit spillovers to Bitcoin starting in late 2017 and throughout 2018), and (iii), in recent years spillovers stemming from Ethereum to all other digital currencies have markedly intensified. Apparently, following its recent high price volatility, Bitcoin rather assumes a net receiving role when contrasted with Ethereum. In addition, the emergence of Ethereum as a net transmitter of shocks to other cryptocurrencies is a key finding from a portfolio diversification standpoint as it paves the path for Ethereum's effectiveness for mitigating investment risk. On a final note, in order to provide further support for the arguments presented in the study, we proceed with a simplified hedging exercise. In particular, we construct bivariate dynamic portfolios and test whether the ensuing volatility reflected upon the respective hedge ratios within each portfolio can be mitigated or not. Results reveal that volatility within these portfolios significantly declines after the structural break in the dynamic total connectedness which occurred around August, 2017. To the best of our knowledge, this is the first effort in the literature to investigate hedging possibilities on the basis of a portfolio that comprises two cryptocurrencies; thus, adding further value to the contribution of the study. The remainder of the study is organized as follows. In Section 2, we present the data and the empirical methods employed in the study. In Section 3, we illustrate the relevant findings and investigate the corresponding arguments. Section 4 summarizes main objectives and findings, provides suggestions for further research and concludes the study.
Data and Methodology

Data
Our dataset consists of daily data from cryptocurrencies with market capitalization above 5 million USD (547 coins and tokens). We obtain our data from CoinMarketCap. The period of analysis spans between August 7, 2015 and May 31, 2018 due to data availability. To be in line with the literature we have chosen the same variables as in Brauneis and Mestel (2018) except for Monacoin since it dropped to rank 79 and its data availability starts from June 1, 2018. Hence, we are analysing Bitcoin (BTC), Ethereum (ETH), Ripple (XRP), Dash (DASH), Litecoin (LTC), Monero (XMR), Nem/New Economy Movement (XEM), Stellar (XLM) and Bitshares (BTS). We generate a single market factor representing the comovement of the cryptomarket via a TVP-PCA based on 45 cryptocurrencies (all cryptocurrencies that are available after the 7th August 2015). Since the cryptocurrency prices are non-stationary we proceed our analysis with the cryptocurrency returns. Descriptive statistics presented in Table 1 point out that all series are significantly skewed, leptokurtic, and non-normally distributed. Additionally, all series are stationary, autocorrelated and exhibit ARCH errors. The highest unconditional correlation among all cryptocurrencies can be observed between Bitcoin and Litecoin.
[Insert Table 1 around here]
Methodology
TVP-FAVAR Connectedness Approach
In the spirit of Bernanke et al. (2005), we extend the time-varying parameter connectedness methodology outlined in Antonakakis and Gabauer (2017) by using the TVP-FAVAR model introduced by Koop and Korobilis (2014) 1 . This model is quite flexible since it allows for (i) the VAR coefficients and their variances, (ii) the PCA loadings and their variances, as well as, (iii) the variances of the VAR and PCA error terms to vary over time. We employ one market factor which is based on 45 cryptocurrencies using PCA to extract the main co-movements of the cryptocurrency market. According to the Bayesian information criterion (BIC), we are employing a TVP-FAVAR with one lag which can be written as,
where z t = [y t , f t ] and t are (N + r) × 1 dimensional vectors, x t and u t are M × 1 dimensional vectors and ξ t and υ t are (N + r) 2 × 1 and (M · r) 2 × 1 dimensional vectors. Furthermore, S t and Φ t are (N +r)×(N +r) dimensional matrices, Ξ t and Υ t are (N +r)
Through the Wold representation theorem we can transform our TVP-FAVAR to a time-varying parameter factor-augmented vector moving average (TVP-FAVMA) by,
The time-varying coefficients (A it ) of the TVP-FAVMA model are the foundation of the connectedness approach by Diebold and Yılmaz (2014) that uses the generalized impulse response functions (GIRF), Ψ g ijt , and generalized forecast error variance decompositions (GFEVD),φ g ijt (J), developed by Koop et al. (1996) and Pesaran and Shin (1998) . We apply the GIRFs since it doesn't restrict us to impose a structure on the error terms; which is an approach that seem to be more appropriate given the nature of the data.
Moreover, we are mainly interested in the GFEVD which can be interpreted as the variance share variable i explains on variable j. Mathematically, it can be written as follows,
1 Explaining the multivariate Kalman Filter into detail is beyond the scope of this study. Hence, interested readers are referred to Koop and Korobilis (2014) . In our study, the VAR prior is based on result of a constant VAR estimation on the first 200 days, the PCA prior is based on the results of a constant PCA estimation on the first 200 days and all forgetting factors are set equal to 0.99. This value has proven to lead to a good forecasting performance as shown in the aforementioned study. 
In addition, we are interested in the spillovers of variable i TO (FROM) all others j, representing the total directional connectedness TO (FROM) others defined as
The difference between the total directional connectedness TO others and FROM others results in the NET total directional connectedness:
The NET total directional connectedness illustrates if variable i is driving the network (C g it > 0) or is driven by the network (C g it < 0). Finally, we break down the NET total directional connectedness even further to examine the bidirectional relationships by computing the net pairwise directional connectedness (NPDC),
The NPDC identifies if variable i is influencing variable j more or vice versa.
DCC-GARCH t-Copula
In a second step, we are interested in the co-movements of the analyzed cryptocurrencies and in the dynamic nature of portfolio weights and hedge ratios which are based on conditional variances and covariances. The conditional variances and covariances can be estimated applying a DCC-GARCH tCopula which is a very flexible multivariate GARCH model that is not running into problems analyzing a moderate number of assets. This model is based on Sklar (1959) theorem which allows to construct out of multiple marginal distribution one joint multivariate distribution. The extension from a static to a dynamic copula model was done by Patton (2006) who proved that the theorem still holds when dealing with conditional distributions. This can be written as follows:
where C is an N-dimensional Copula, F i is the conditional distribution of the ith marginal density and h iit is the conditional variance resulting from a univariate family GARCH (1,1) model (Hentschel, 1995) . In general, the family GARCH model can be written as follows:
where z t illustrates the iid random variables. For the selection of every univariate GARCH model for each series we are applying the GARCH selection criterion by Antonakakis et al. (2018a) . Furthermore, a Student's t copula with the shape parameter η and dynamic conditional correlation R t is given by:
where u it = F i representing the Probability Integral Transformation (PIT) of each series by its conditional distribution F it . For R t we follow the proposition of Engle (2002) which is defined by:
is the conditional variances resulting from the family GARCH first step estimation. H t is an N × N matrix where the diagonal elements are conditional variances, h iit , and off-diagonal elements are conditional covariances, h ijt ∀i = j. To achieve that R t is positive definite, we create a proxy process Q t ,
whereQ is the unconditional variance of the standardized residuals z t and a+b < 1 are imposed to ensure stationarity and positive definiteness of Q t . Rescaling Q t results in the dynamic conditional correlations R t ,
The dynamic conditional correlations are used to identify if the co-movements of cryptocurrencies have increased over the studied period.
Dynamic Portfolio Weights
In the final step, we are interested in hedging and portfolio techniques. Thus, we are calculating dynamic optimal portfolio weights a la Kroner and Ng (1998) and dynamic hedge ratios a la Kroner and Sultan (1993) which are based on the conditional variance and covariances of the DCC-GARCH t-Copula. The portfolio weights, w ijt , between cryptocurrency i and j are calculated as follows
where w ijt could be above one or below zero. To overcome this disadvantage, we impose the following restrictions:
w ijt can be interpreted as the weight of asset i in a 1 USD portfolio based on two assets i and j at time t. The second weight regarding asset j is w jit = (1 − w ijt ).
Dynamic Hedge Ratio
Hedge ratios determine the costs of hedging a 1 USD long position in asset i with a β ijt USD short position in asset j. This can be calculated by
This implies that higher conditional variances lead to lower long position hedging costs whereas an increase in the conditional covariances will increase the long position hedging costs.
Hedging Effectiveness
Finally, the effectiveness of the hedging and portfolio techniques are evaluated using the hedging effectiveness measure a la Ederington (1979) which can be written as
where V (r unhedged ) illustrates the variance of the unhedged position of asset i and V ar(r w,β ) is the hedged portfolio variance either from the optimal dynamic hedge ratio or the optimal dynamic portfolio weight strategy. Since, HE i represents the percent reduction in the variance of the unhedged position. The higher HE i is the larger is the risk reduction. Since HE i is 1 minus a variance ratio which can be tested using an F-statistics as pointed out in Antonakakis et al. (2018b) .
Empirical Results
In order to serve the specific objectives of the study; that is, to investigate the extent of connectedness across cryptocurrencies and to distinguish between net shock transmitters and receivers over time, in this Section, we concentrate only on the most relevant of the results. In particular, (i) we investigate the evolution of the TCI over time, (ii) we consider total net connectedness for each cryptocurrency and (iii) we dwell upon pairwise connectedness across cryptocurrencies.
Dynamic Total Connectedness and Market Risk
Starting with dynamic total connectedness, Figure 1 illustrates dynamic results for the TCI pertaining to the cryptocurrency market as a whole. The value of the index fluctuates over time within a broad range, spanning approximately between 25% and 75%. This practically implies that connectedness across cryptocurrencies can be anything from moderate to very strong. Possible explanations for this large dynamic variability of the TCI could be related to the fact that the index is highly responsive to various events associated with the relevant markets. Reiterating a point made earlier, authors such as Berentsen et al. (2018) put forward the argument that cryptocurrencies are vulnerable to high short-term fluctuations given that they are decentralized with rather fixed supply. Furthermore, we note that towards the end of our sample period (i.e., starting in February 2018), more than 70% of the forecast error variance in all cryptocurrencies can be explained by cross connectedness.
[Insert Figure 1 around here] Evidently, the period of analysis could be segregated into two distinct intervals. In particular, starting in Aug 2015, we note that connectedness follows a decreasing trend, reaching a minimum in early 2017; whereas the path, from that time forth, is clearly upward. Both of these intervals are also characterized by short-term fluctuations that most likely correspond to specific economic developments. Despite the fact that there may be a multitude of events affecting cryptocurrency returns (see, inter alia, Cheah et al., 2018; Corbet et al., 2018b) we maintain that in order to put our findings into perspective we need to consider the broader developments in the market for digital currencies. In this regard, 2015 was a year marked by the release of Ethereum and the expansion of Ripple, which are currently second and third in line respectively, by virtue of market capitalization (see, among others, Ciaian et al., 2018) . We argue that the establishment of these two important cryptocurrencies and the subsequent increase in their transactions' volume, has overall strengthened the potential for increased connectedness across currencies. It would be instructive at this point to note that, both Ethereum and Ripple should not be regarded as direct competitors of Bitcoin, as there exist considerable contrasts. In particular, although a thorough investigation of the precise differences between these cryptocurrencies falls beyond the scope of the present study, it should be emphasized that (i) Ethereum rather concentrates on smart-contracts and transaction-automations (Peng et al., 2018) and it does not necessarily serve as a mere store of value or a likely alternative to traditional fiat money and (ii), Ripple specializes in international transactions and has become very popular among financial institutions (see, inter alia, Ammous, 2018) . That aside, there also exists a large number of technical similarities and differences across these currencies. For example, Ciaian et al. (2018) point out that Ethereum, contrary to Bitcoin, has an unlimited supply of coins; while, Ripple despite having a limited supply of coins, it makes use of a different Proof-of-Work (PoW) mechanism, compared to the other two. It follows that, the downward trend of connectedness that is recorded in Figure 1 for the period until early 2017, is closely linked to these developments in the cryptocurrency market and their subsequent implications for investors and economic agents. In particular, we maintain that connectedness exhibits this downward trend initially, mainly due to the subdued price volatility and the corresponding low uncertainty of the period. To be more explicit, in an interesting study on forecasting the price volatility of the Bitcoin, Kristjanpoller and Minutolo (2018) report that starting in mid-2015 and until August 2017 there was an upward trend in the price of Bitcoin; however, this trend was predicated upon relatively moderate returns. Considering the omnipotence of Bitcoin in the cryptocurrency market at the time, it follows that, moderate Bitcoin returns did not inflict suspicion, upon economic agents, of speculation in the cryptocurrency market. Then apparently, this allowed economic agents and/or investors to concentrate more on the different features characterizing this ecosystem of cryptocurrencies leading to the decoupling of the relevant returns. To put differently, this relatively tranquil period for the cryptocurrency market led to the loosening of the interdependency across cryptocurrencies. By contrast, considering the second interval that expands from early 2017 and until the end of our sample period, we note that connectedness is persistently increasing. Authors such as Bech and Garratt (2017) provide evidence that the release and the expansion of coins grew relentlessly in recent years (i.e., note that, during 2017, the market capitalization of all other currencies had equated that of Bitcoin) thus further strengthening the potential for increased connectedness across cryptocurrencies. In addition, Gandal et al. (2018) document that around mid-May 2017 the market capitalization of Bitcoin rose by 300%, while that of other cryptocurrencies rose by even more. Subsequently, such huge increases apparently rose suspicion and uncertainty in the market. In line with our arguments presented above, we maintain that the upward trend of connectedness that is recorded for this period, stems from the high price volatility of the period (i.e., uncertainty in the cryptocurrency market driven mainly by Bitcoin). In particular, this relatively turbulent period, resulted in exacerbating fears regarding the cryptocurrency market as a whole (i.e., irrespective of the individual differences across digital currencies). The latter might also be construed as an anticipated response on behalf of economic agents given that the cryptocurrency market is new and under-researched. In their recent study Peng et al. (2018) stress the need to attain a better understanding of the potential role of cryptocurrencies in modern finance. In order to thoroughly investigate the structural break which is evident in our connectedness results we further proceed with a disaggregated approach presented in Table 2 . Given that cryptocurrency market capitalization substantially increased, starting around August 2017, we break down our period of analysis into the pre-and post-August 2017 period. We further assume that the rapid increase in the interconnectedness illustrates that the cryptocurrency market became closer connected. Furthermore, the increase in liquidity eases the trading of assets and makes this market more interesting for investors. In this regard, we assume that this jump has substantial portfolio and hedging implications and might significantly influence the dynamics within the cryptocurrency market. Table 2 shows that interconnectedness nearly doubled. Additionally, we can see that in both periods the market is driving all cryptocurrencies since it is a net transmitter to 9 other assets. In the pre period regime we see that the Bitcoin is the most powerful transmitter followed by Litecoin and Stellar whereas all the others are receiver of shocks. This pattern changes after the break in the TCI. The post period regime indicates that Ethereum is now the strongest transmitter followed by Ripple, Bitcoin, and Bitshares. All the others are receivers of shocks. This finding is interesting since it shows that Ethereum is becoming more and more important in the cryptocurrency market whereas Bitcoin -even if still influential -is losing its leader position. In an attempt to check the robustness of our main results based on the TVP-FAVAR model, we have estimated a simple TVP-VAR model consisting only of the 5 highest capitalized cryptocurrencies, namely, Bitcoin (BTC), Ethereum (ETH), Ripple (XRP), Dash (DASH), and Litecoin (LTC). These results remain qualitatively similar to our main findings, however, spillovers under this simple TVP-VAR are less pronounced, as a lot of information is lost by restricting the model to just 5 cryptocurrencies, and excluding the single cryptocurrency factor (consisting of 45 additional cryptocurrencies) that captures interdependencies in the cryptocurrency markets. The full set of results are available from the authors upon request.
[Insert Table 2 around here] In retrospect, it is quite evident from our results that periods of moderate volatility in the cryptocurrency market go along with weaker connectedness across cryptocurrency returns, while the reverse is also true. We further posit that this could be explained on the basis of the uncertainty that stems from suspicion of speculation in the particular market.
Net Dynamic Connectedness and Market Complexity
Turning to net transmitters and net receivers in the cryptocurrency market, we begin by presenting net connectedness results for all currencies throughout the period of analysis. These are given by Figure 2 . Note that positive values correspond to net transmitters of shocks, while negative values, to net receivers.
[Insert Figure 2 around here] Prominent among the results illustrated in Figure 2 is the fact that Bitcoin is, for the most part, a net transmitter of shocks (i.e., to all others), while the market factor is always a net transmitter (i.e., to all others) -which can be explained by the fact that, by construction, this factor captures common movements across cryptocurrencies thus facilitating our efforts to isolate the net impact of any currency on all others. Furthermore, we note that for the most part of the period of interest, most other currencies exhibit a rather net receiving role, with short periods where some of these currencies apparently transmit (i.e., in net terms). More particularly, in the recent period that followed the unprecedented appreciation in cryptocurrencies' market capitalization, we note that Bitcoin has become a net receiver of shocks, while Ethereum (ETH) to a greater and Monero (XMR) to a lesser extent, appear to be transmitting shocks to the market. Ripple (XRP) on the other hand, is also a net recipient of shocks from other currencies. In order to put these results to a further test we also consider net pairwise connectedness. This is illustrated in Figure 3 . [Insert Figure 3 around here]
The relevant findings are suggestive of the importance of Bitcoin (BTC). Clearly, Bitcoin is a net transmitter of shocks to all other currencies with the exception of Ethereum (ETH) which apparently transmits shocks to Bitcoin in the period towards the end of our sample. For that same interval, Ethereum also transmits shocks to Ripple (XRP), while interestingly enough, it receives from both the Monero (XMR) and the New Economy Movement (XME). On the whole, these results are suggestive of the fact that we are entering a new era in the cryptocurrency market where connectedness across cryptocurrencies gradually becomes more pronounced and at the same time, more complicated. In this regard, we strongly believe that analysis should concentrate on the individual differences that exist across the many cryptocurrencies that currently make up the market in order to better understand the corresponding manifestation of connectedness. Within the framework of the current study which apparently suggests that (i) Bitcoin is still very influential, considering all but one relevant currencies, (ii) Ethereum affects Bitcoin returns and (iii) in turn, digital currencies such as Monero (XMR) and the New Economy Movement (XME) affect Ethereum returns, it would be rather instructive to make an initial attempt in order to identify potential factors that render these particular cryptocurrencies important for the relevant market. Starting with Ethereum, we maintain that the apparent capacity of Ethereum to transmit shocks to the cryptocurrency market, has been supported by the recent popularity of initial coin offerings (ICOs); that is, a crowdfunding way to raise the necessary capital for new ventures. To be more explicit, according to authors such as Howell et al. (2018) the most common way for prospective venture capitalists in the cryptocurrency market to pay for the tokens they wish to purchase during an ICO is to make use of ether (i.e., Ethereums coin). Apparently, the smart-contracts technology that comes with Ethereum is crucial for the ICO process. Turning to Monero (XMR), in an insightful study regarding crypto-mining malware attacks Zimba et al. (2018) show that in most such cases, Monero was in fact the cryptocurrency of choice. This in turn, might be very much attributed to the unique anonymity/untraceability features characterizing Monero that are thoroughly discussed in Prasad (2018) . Undoubtedly, Monero could form the basis for discussions regarding the extent to which blockchain transactions should be transparent and traceable. Finally, the emergence of the New Economy Movement (XME) as a key player in the cryptocurrency market can be justified by the adoption and application of a proof-of-importance protocol (POI) that improves existing protocols functions by discouraging coin-hoarding (see, Ciaian et al., 2018) . It follows that, the New Economy Movement could form the basis for discussions regarding the extent to which blockchain transactions should be aiming at securing equal chances among users. In retrospect, our results indicate that although Bitcoin remains the digital currency that exerts most of the influence in the cryptocurrency market as a whole, the unique features of the blockchain technology that comes with certain digital currencies (e.g., Ethereum, Monero, New Economy Movement) has resulted in a more complex and interrelated market. What is also evident from our analysis is that there are still open questions regarding (among others) the linkages between cryptocurrencies and (i) corporate governance (e.g., Ethereum and ICOs), (ii) transparency of transactions (e.g., Monero), and (iii), equal opportunities among cryptocurrency users (e.g., New Economy Movement). However, this is somewhat anticipated given that, with reference to the cryptocurrency market, there is definitely still much more to learn. It follows that, increased transparency that clarifies or/and improves procedures and transactions in relation (at least) to the aforementioned issues that emerge from our study is rather imperative. Despite the fact that analyzing the legal framework in connection with transactions in the cryptocurrency market falls outside the scope of this study, it would be instructive to emphasize that increased transparency could facilitate a better understanding of the underlying differences across cryptocurrencies and subsequently (as suggested by the results of our study), this would not only widen confidence in the market, but it would also lead to new opportunities for portfolio diversification. On a parallel note, it is rather obvious that the development of the cryptocurrency market calls for the development of the appropriate legal framework as well; that is, of the necessary environment that would discourage financial crime and other illegal activities.
A Portfolio and Risk Management Application
To the effect that we may further support our findings that predicate upon the connectedness approach, we proceed with a simple hedging exercise. In particular, we investigate the effect of creating bivariate investment portfolios -that necessarily include either Bitcoin (i.e., the standard choice) or Ethereum (i.e., the new net transmitter that exhibits the largest market capitalization), on dynamic portfolio weights and hedge ratios. The first step is to estimate the dynamic conditional correlations across the nine cryptocurrencies of interest. These are given in Figure 4 . Notably, the dynamic conditional correlations results presented in Figure 4 are suggestive of the fact that correlation across cryptocurrencies assumes higher values from mid-2017 onwards. These findings are in line with our previous arguments that during periods of high market uncertainty connectedness across cryptocurrencies becomes more pronounced. It's also worth mentioning that the highest value corresponds to the dynamic conditional correlations between the Bitcoin and Litecoin (blue line) which, in turn, stands to reason given that both coins share similar technical characteristics (see, Ciaian et al., 2018) .
[Insert Figure 4 around here] Consecutively, making use of the corresponding conditional volatility results, we construct dynamic portfolio weights and hedge ratios in the spirit of Kroner and Ng (1998) and Kroner and Sultan (1993) , respectively. These are given by Figure 5 and Figure 6 . We should also note that the results presented in this section focus on Bitcoin and Ethereum. It would also be instructive at this point to stress once more that our analysis reveals a structural break towards the mid of 2017 (i.e., starting in August 2017 price volatility in the cryptocurrency market reached unprecedented levels). In this respect, we employ this date as a benchmark in order to draw useful conclusions regarding our portfolio exercise.
[Insert Figure 5 and Figure 6 around here] Evident in Figure 5 is that following August 2017, dynamic portfolio weights with regard to Bitcoin are decreasing, whereas the respective weights of Ethereum are increasing, thus further highlighting the momentum gained by the latter in the cryptocurrency market. What is more, it is evidenced in Figure  6 that after the date that marks the structural break suggested by our study, hedge ratios in most cases persistently increase, which practically implies that including both cryptocurrencies in a portfolio could potentially result in more effective diversification outcomes. In Table 3 and 4 it is shown that the volatility within the bivariate portfolio significantly reduces in the period after August 2017 whereas before this point in time the volatility could not have been reduced using portfolio weights or hedging ratios. This supports our proposition that the increased interconnectedness -partially caused by the increased liquidity -of the cryptocurrency market is facilitating portfolio and risk management techniques.
[Insert Tables 3 and 4 around here]
Overall, it should be emphasized that this is merely an initial exercise within a relatively simplified framework; however, it is quite suggestive of the fact that we are entering a new era in the cryptocurrency market whereupon the ensuing dynamics across cryptocurrencies become more complex and deserve further investigation.
Conclusions
Investigating interrelations across different cryptocurrencies is important in order to better understand the broad spectrum of applications that comes with the newly introduced blockchain technologies and might affect, among others, monetary policy, corporate governance and risk management. Our study concentrates on risk related issues and purports to identify potential sources of influence which reside within the cryptocurrency market itself. In particular, the overriding objectives of the study are to record spillovers and to identify, net-transmitters and net-receivers among the top 9 cryptocurrencies classified by virtue of market capitalization. The period of study spans between August 7, 2015 and May 31, 2018, while the employed method is an enhanced version of the connectedness approach that was introduced by Diebold and Yılmaz (2014) . In turn, identifying contagion dynamics across cryptocurrencies might very well pave the way for research that concentrates on risk hedging strategies. We maintain that understanding connectedness in the cryptocurrency market will help risk managers better appreciate the relevant risk that relates to specific cryptocurrencies, which might in turn constitute an integral part of an investment portfolio. Results indicate that moderate price volatility in the cryptocurrency market is associated with weaker connectedness across the cryptocurrencies under investigation. At the same time, periods of high price volatility imply that the corresponding connectedness is rather strong. In fact, the period of analysis is marked by an increase in connectedness that becomes more pronounced during the interval that is characterized by high price volatility. In line with the arguments presented above, we maintain that this could be attributed to increased suspicion of speculation during the more turbulent period which is conducive to pessimistic expectations regarding the cryptocurrency market as a whole. What is also evident is that uncertainty is also intensified by the fact that the cryptocurrency market and its potential influence on the financial sector in general are still very much under-researched. Turning to pairwise connectedness results, we note that complexity in the cryptocurrency market has markedly increased in recent years. This can be evidenced by the net transmitting role assumed by specific cryptocurrencies such as the Ethereum, the Monero and the New Economy Movement. On the other hand, Bitcoin remains the cryptocurrency that transmits most shocks to the market, while Ripple remains a key cryptocurrency given its importance for the banking sector. Specific results are suggestive of the fact that the degree of complexity in the cryptocurrency market (as captured by the connectedness approach) gradually increases given that different cryptocurrencies are endowed with different technologies and characteristics that open up a variety of different possibilities for potential users. Within the framework of our study, key issues that emerged were linked to corporate governance applications, transparency of the transactions, as well as, coin hoarding. Furthermore, in order to put our connectedness results to the test and also to provide additional support to our arguments, we construct bivariate dynamic portfolios and hedge ratios in order to investigate whether the volatility within these portfolios declines during and after the period characterized by increased price volatility in the cryptocurrency market. Overall, results indicate that there is potential for improving hedging effectiveness in this more complex era for the cryptocurrency market.
Potential avenues for future research in this field of study should include the thorough investigation of the specific factors that affect bivariate relationships across cryptocurrencies. In addition, research should also focus on the impact of the different functions and features that characterize each cryptocurrency on risk management. What is more, given the obvious influence of Ethereum on Bitcoin and/or the apparent rapid growth of market capitalization of the cryptocurrencies that followed Bitcoin, it would also be interesting to investigate whether other cryptocurrencies have similar (i.e., to Bitcoin) diversification effects on investment portfolios. On the whole, we strongly believe that this is a promising field of study with a multitude of applications that influence contemporary finance and that there is still plenty of room for further research. Notes: Values reported are variance decompositions based on a 20-step-ahead forecasts.
In both periods, a TVP-VAR lag length of order 1 is selected by the BIC. Notes: ***,**,* denote significance at 1%, 5% and 10% significance level.
